This study investigates the choice of posturographic parameter sets with respect to the influence of different sampling durations (30 s, 60 s, 300 s). Center of pressure (COP) data are derived from 16 healthy subjects standing quietly on a force plate. They were advised to focus on the postural control process (i.e. internal focus of attention). 33 common linear and 10 nonlinear parameters are calculated and grouped into five classes. Component structure in each group is obtained via exploratory factor analysis. We demonstrate that COP evaluation-irrespective of sampling duration-necessitates a set of diverse parameters to explain more variance of the data. Further more, parameter sets are uniformly invariant towards sampling durations and display a consistent factor loading pattern. These findings pose a structure for COP parametrization. Hence, specific recommendations are preserved in order to avoid redundancy or misleading basis for inter-study comparisons. The choice of 11 parameters from the groups is recommended as a framework for future research in posturography.
INTRODUCTION
Postural control is the ability to maintain the position of the body with respect to the environmental constraints especially gravitational effects. This feature is an omnipresent and essential part of everyday life activities principally during standing, sitting and even locomotion. The concise, comprehensive, valid and reliable assessment of postural control conduces to research evaluation, judgment and decision making in a clinical context. A simple method to derive pertinent experimental data is by measuring the centre of pressure (COP) on a force plate over time, which coincides with the vertical projection of the body's center of mass [1] . Vertical standing posture requires the projection of the center of mass to be within an area that is proportional to the extent of the convex hull of the lateral borders of the feet, namely the base of support. When subjects are asked to stand as still as possible they never attain a stable equilibrium. Dealing with a multijoint segmented built-up and the resultant Bernsteinian problem of motor redundancy due to the amount of degrees of freedom, the organism is permanently exposed to an unstable condition which is observable in small motion of COP trajectories [2] . These fluctuations are believed to be regulated by a complex sensorimotor system [3] [4] [5] . Hence, investigating sway by means of COP displacements would deliver insight into neurophysiological processes and hints relevance for practical and theoretical applications. However, little success has been achieved in using posturography for discriminating quiet stance specifics [6] . The reason could be the lack of adequate standardization: e.g. the sampling duration, the measurement parameters [7] , focus of attention (compare part II) [8] [9] [10] . First, measurement durations in research typically range from several seconds (e.g. [11, 12] ) up to 30 minutes [13] [14] [15] . With regard to clinical investigations sampling durations lower than 30 s are typical. However, it has been reported that sampling duration strongly affects the magnitudes of COP parameters [12, 16] . On the one hand, prolonged standing conditions provoke specific postural events that modify postural performance [17, 18] . On the other hand, COP migration is seen as a bounded nonstationary process and therefore short sampling durations (<60 s) do neither account for transient events nor for low frequency dynamics [19, 20] . Second, a great variety of popsturographic parameters for COP description is available, which may as well assign a reason for contrary results in literature [21] . Concerning this matter Pavol (2005, p. 20) poses the questions "which measures best characterize postural sway, which measures are best for detecting differences in postural sway and how do differences in these measures relate to the postural control system?" [22] . It is widely accepted that multiple measures are needed to characterize postural fluctuations [21] . Recently, recommendations for the usage of descriptive parameters have been published by using principal component analysis [21, 23] . However, one could conjecture the influence of sampling duration on the validity of descriptive posturographic parameter sets. The question whether different sampling times necessitate a different set of COP parameters is still left open. The present study investigates the influence of three different sampling durations (30 s, 60 s and 300 s) on the postural performance of quiet standing in healthy subjects with respect to the most common linear, but also more sophisticated nonlinear-parameters of posturography [24] . For this purpose, and with respect to earlier studies [21, 23] a factor analysis approach is conducted to expose the sensitivity of different parameter groups to different measurement times.
Besides these basic research aspects, measuring postural control is of major interest in applied sciences. In rehabilitation, this procedure serves as a forecast instrument for a great amount of patients (e.g. orthopedic, neurologic, traumatological, etc.) or elderly subjects. However, COP data is often analyzed by only one parameter and therefore, results deal with limited significance. As a set of parameters will lead to more reasonable outcomes the present study provides a transfer for practical applications.
METHODS

Experimental Procedure
Sixteen healthy students (9 males and 7 females, age: 26.1 ± 6.7 years; height: 173.45 ± 11.14 cm; weight: 72.36 ± 13.04 kg) without musculoskeletal or neurological dysfunctions participated voluntarily in this study [24] . The subjects were instructed to stand with both feet parallel and upright as quiet as possible in hip width stance with arms relaxed at both sides while staring at a point on the wall in front and concentrating on the postural control process, which induces an internal focus of attention [8] . Three trials with different sampling durations (35 s, 65 s, 305 s) were conducted. 30 s is seen to be the typical clinical duration. At least 60 s is seen to be appropriate for time domain parameters, whereas the description of other parameters need 300 s of duration [7] . The experimental condition is referred to the typical laboratory condition and in practice, for example, to discriminate between different populations (e.g. [25] ). Due to the fact that distance between the eyes and the visual field affects postural performance it was left unchanged during the whole measurement (about 2 m) [26] . Centre of pressure data (COP) were recorded by means of a 0.3 × 0.4 m 2 force plate with a sampling rate of 1000 Hz. Subsequently, COP data were used to reckon anteriorposterior and medial-lateral movements labeled AP [unit of length: UL] and ML [UL] (Figure 1) . A 4th order low-pass Butterworth filter with a cut-off frequency of 10 Hz was applied to eliminate measurement noise [1, 27] . Next, time series were downsampled to 100 Hz (for calculation of entropy values to 20 Hz) and detrended by the mean of the time series. This procedure is appropriate for COP data as 95% of the informational content is within a range of the first Hertz [24, 28] . Impact effects were eliminated by cutting the first 5 s from the time series. The person's task temporally exceeded the measured samples so that no end effects were detectable.
Parameter Selection
Since, there exists no consent (if queried at all) which parameters should be chosen. For our purpose, we have selected the most common ones, which are typically used in the majority of medical research and practice. The different variables comprised traditional linear and nonlinear methods as proposed by diverse authors [24, [28] [29] [30] [31] . Duarte & Freitas (2010) subdivide the parameterization methods roughly into two groups: First, the traditional parameters which refer to estimations of the overall size OPEN ACCESS of COP excursions, second, structural posturographic and more sophisticated parameters which describe temporal pattern of the time series in a nonlinear manner [29] . The former ones are used as indicators of postural stability outlining COP displacements as random fluctuations. According to this theory, larger COP deflections are associated with less stable balance and in a next step with aging and disease. Consequently, the assumed random properties are treated as unwanted noise and averaged out. Temporal structures of the displacements are disregarded. In contrast, nonlinear methods determine the time-dependent structure of the time series. Against this background, both analysis techniques create complementary information [32, 33] . Earlier studies recommend different procedures to attain a set of reliable parameters to evaluate the behavior of postural fluctuations. For instance, Kitibayashi et al. (2003) examined a large cohort of 220 subjects and found via factor analysis 4 factors that explained about two third of the total variance [23] . The factor structure is grouped into a unit time sway factor, mainly explained by velocity parameters, an AP sway factor, a ML sway factor and a frequency band power factor [34] . The authors suggest that parameters of these factors may synthetically characterize COP deflections. However, in their study nonlinear tools for COP evaluation were disregarded. Rocchi et al. (2004) calculated an amount of 37 stabilometric parameters [21] . Principal component analysis applied to 2-dimensional and 1-dimensional data separated in each case, identified 4 components on the one hand and 6 components on the other hand. In both categories the overall parameter loadings were similar, which corroborates the interdependent structure: size of the oscillation, spectral information and the relative weight of AP to ML components. This is in agreement to the findings of [30] , and roughly to those of [23] .
Traditional Parameters
Traditional parameters consist of values obtained in the time domain and frequency domain, which are also known as linear parameters [30] . Time domain describers are interrelated to either displacement of the COP or the velocity of the COP trace. Parameters of the frequency domain are associated with values calculated of the power spectral density (PSD) of the COP trace separated into an anterior-posterior (AP) and medio-lateral (ML) direction. A further classification which was achieved here alludes to the dimensionality of the calculated parameters. Time domain parameters can be subdivided into 1-dimensional (1D: AP and ML) or 2-dimensional (2D: COP trace) values whereas frequency parameters can only be calculated of 1-dimensional sequences.
Altogether, we calculated 33 traditional measures for the time domain and frequency domain time series via MATLAB © version 2008b routines in each experimental situation. In the time domain 5 parameters were included for 1D, each applied to AP and ML direction, and 13 parameters for 2D time series resulting in a sum of 23 values. In the frequency domain 5 parameters were computed respectively for AP and ML direction which compassed 10 different values. Table 1 summarizes these parameters.
We present a brief overview of those parameters for which the underlying algorithms are not immediately comprehensible. Otherwise, we state descriptive literature. A common procedure for COP evaluation is achieved by investigating the area covering the COP trace. Here, we used three different estimation approaches: 95% prediction ellipse, 95% prediction circumference and a convex hull method. A MATLAB © algorithm for the ellipse area is described e.g. in [29] , where the coefficient of 2.4478 is the approximate value of the Chisquare distribution with 2 degrees of freedom ( Figure 2 ). We are aware that the interpretation of the prediction ellipse is misleading; hence we refer to [29, 30, 35] . Circumference area was computed of the mean distance from the centre of the COP trajectory multiplied with the coefficient of 1.96 which represents the appropriate confidence region in the standard normal distribution. Both algorithms were useful to determine the estimated area of the COP deflections per second (see also [21] ). The third method refers to the sector formula of Leibniz. For this purpose we divided the COP plot in equal angles from the centre ranging from 0˚ to 360˚ and found the maximal distance from the centre in each interval (Figure 2) . A measure used to quantify the twisting and turning of the COP trajectory is the "turn" index which is the swaypath length of the normalized posturogram [36] . We also calculated the mean deviance from the AP baseline expressed in a value between 0˚ and 180˚. The COP velocity in the 2D space is perfectly correlated with the length of the COP trajectory wherefore this parameter was excluded. Measures in the frequency domain were entirely conducted via PSD [29] and at this juncture by means of the Welch method, which demonstrates an adequate estimation technique [24] . For instance, the median frequency (f50) in this context may be paraphrased as the frequency band that contains up to 50% of the power spectrum. Therefore, we computed equivalent values for 80% (f80), 95% (f95) and 99% (f99). An insight into most of these frequency parameters is presented in [24] . menter. Small variations in those initial values may lead to different results and entrap to error-prone interpretations. Nonetheless, nonlinear tools are believed to be more sensitive and suitable to physiological data [32] and represent complementary information content to traditional methods [33, 37, 38 ]. An inspection of literature reveals that this field is continuously rising. On account of the great variety of different nonlinear methods, we abstracted procedures which were chosen in a previously published work to evaluate COP sway data [24] .
OPEN ACCESS
We applied four different nonlinear tools to 1D AP and 1D ML data, respectively. For our purpose we calculated the sample entropy (SaEn, [39] ) of the AP and ML position data and of its velocity time series (increment time series) which gives 4 regularity values and another 2 complexity indices from the multiscale entropy (MSE, [40] ). Furthermore we educed one Hurst exponent [5] in AP and ML direction respectively. We combined these measures with a frequency analysis achieved by the Wavelet transform (WT) and computed a total of 2 values for different frequency bands (Figure 3) . Overall, we obtained 10 nonlinear measures. A previous work gives a comprehensive overview of the applied nonlinear tools and computations used here [24] . Nonlinear procedures were chosen carefully to obtain best outputs. Table 2 shows the obtained nonlinear parameters.
General Procedure and Exploratory Factor Analysis
We applied an exploratory factor analysis (EFA) by using SPSS © 17.0 to the preselected linear (traditional) and nonlinear parameters, respectively, as far as both views disclose complementary information. To ensure comparability the parameter values were transformed into zscores. To maintain accurate calculation we conducted the following procedure: 1) Correlation matrix. In this step we proved the suitability of the COP parameters for further analysis. First, we computed Bartlett's test of sphericity to reject the null hypothesis that the correlation matrix is equal to an identity matrix. Next, the KaiserMeyer-Olkin criterion (KMO) and the anti-image-correlation matrix (AIC) were inspected to test whether partial correlations among variables were small. Variables which showed only a few correlations to other ones had to be excluded. We compared the factor loadings of the remaining parameters to the respective components before and after this exclusion to ensure whether this method anyhow leads to uniform results. The KMO value and the diagonal entries of the AIC (measures of sampling adequacy) should be greater than 0.5 [42] ; 2) Extraction. Here, we estimated the factor loadings through an extraction of the factors by means of a PCA. The number of factors was calculated by the Kaiser-Dickmann criterion, meaning, dropping principal components whose eigenvalues are less than one [43] . Furthermore communalities can be computed, which can be seen as a common variance of the item due to the different factor solutions; 3) Rotation method. The factor rotation was achieved by the VARIMAX algorithm to gain maximal variance between factors and therefore to facilitate interpretation.
An apparent emerging problem of the present study is the small sample-size of 16 subjects, which complicates an application and interpretation of factor analysis. The recommendations of methodologists for an adequate sample-size differ and exhibit large ranges. As discussed earlier by [44] , sample size has relatively little impact on EFA solutions even with very small cohorts, when communalities of the variables are uniformly high. As reported by [45] item communalities are considered high, if their values are all over 0.8. However, the authors proclaim a caveat to this general assertion that those values are very unlikely to occur in real life data and that more common magnitudes are found in social sciences in a range between 0.4 and 0.7.
Furthermore, using more variables as subjects (subjects-to-variables ratio less than one) is a second prevailing problem for EFA here, leading to a correlation matrix which is not positive definite. On account of this problem we subdivided the parameters into five classes, which are described formerly in the traditional and nonlinear parameters sections and has been similarly explained by others [23] . The traditional parameters are classified into three blocks: 1D time domain and frequency domain parameters (AP), 1D time domain and frequency domain parameters (ML) and 2D parameters comprising 10, 10 and 13 values, respectively. The nonlinear measures form another two blocks in AP and ML direction containing 5 values each. In a first analysis we assembled linear and nonlinear parameters in one APand in one ML-group, which unfortunately did not give adequate results regarding sampling adequacy, so that we had to separate linear and nonlinear variables. Within each of the five parameter blocks an exploratory factor analysis was calculated (Figure 1) . This was conducted consistently throughout the different measurement times (30 s, 60 s, 300 s), so that a total of 15 EFAs were computed. Rocchi et al. (2004) applied a similar procedure for 1D and 2D parameters [21] . In this article the authors assume that the different groups share most of the information. Here we adopted this keynote by dividing the parameters first into five classes.
RESULTS
Sampling Adequacy
Due to KMO and AIC values we excluded in 4 cases of 15 EFA's particular parameters to improve the sampling adequacy of the parameter sets. Those were f50AP (30 s, BT, 1D-AP block), Ae and std Ae sec (60 s, BT, 2D block), and SaEnvelAP (300 s, BT, nonlinear AP-block).
The exclusion process showed no influence on the remaining parameter loadings. After this procedure the sampling adequacy values matched the requirements (mean KMO = 0.73, KMOmin = 0.68, KMOmax = 0.84). Item communality values were consistently over 0.85 which match the specifications of [44] and [45] . This can be generally explained by high correlations between the stabilometric parameters. As a result, the proband cohort which is smaller than traditionally recommended is likely sufficient for adequate application of EFA [44] . Bartlett's test of sphericity always rejects the null hypothesis that the correlation matrix is equal to an identity matrix [p < 0.001].
Traditional Parameters 1D ML
EFA's from this group ( Table 3) show a consistent pattern. All factor loadings regardless of sample duration (30 s, 60 s, 300 s) exhibit two principal components with approximately equal loadings in variance (approximately 40% in the first to 40% in the second component). In a sum the EFA's explain at about 80% -90% of variance on average. The principal components are easy to interpret. The first component refers to parameters from the time domain (pathML, velML, rangeML, stdML and RMSML) and the second component is associated to parameters from the frequency domain (fmeanML, f50ML, f80ML, f95ML and f99ML). Another peculiarity alludes to the individual item loadings in the components. The highest loadings in the frequency parameters have fmeanML, f80ML and f95ML. In the time domain all parameters have similar loadings consistently over 0.9 except of velML. The latter parameter sometimes loads with higher values to the frequency component.
Traditional Parameters 1D AP
In anterior posterior direction (Table 4) a similar output as in ML direction is interpretable. Two components were extracted at which a distribution of time domain and frequency domain variables is detectable akin to those of the ML direction. An exception is the 60 s trial, in which VelAP creates a third component with 11% of explained variance. The remaining variances are explained by both components equally (approximately 40% in the first component to 40% in the second component) with a total sum of 80% -90%. Inside the 30 s sample some frequency parameters (fmeanAP, f80AP and f95AP) are also loading negatively to the component which is loaded by the time domain parameters. In the 30 s and 300 s trial VelAP is loading to the frequency component.
Traditional Parameters 2D
Parameters describing the 2D-COP trace ( Table 5) are partitioned into three components normally. Interestingly, there are some general schemes identifiable which are constant over the sampling durations. In general, the first component often comprises five parameters (r, std r, Ah, Ae and Ac, Ac sec and std Ac sec) with some inconsistencies in the 60 s trial (40 to 60% of total variance). This component obviously refers to the global area covering the COP trace. Naturally, the two distance parameters R and std r from normalized COP centre is mathematically strongly related to the area values. A separate component is built by Beta and Std Beta (15% to 30% of total variance), which can be interpreted as a global alignment of COP excursion. The third component comprises of Length, Turns and in some cases of Aesec and std Ae sec (14% to 22% of total variance). It may be discerned as 2-dimensional COP path-length characteristics. Moreover, there are specific variable groupings. Remarkably, Ae sec and std Ae sec is not related to Ac sec and std Ac sec. In 30 s and 300 s, mean Ae sec and Std Ae sec both load to a different component as Ae itself, whereas the circular counterparts Ac, Ac sec and std Ac sec are grouped together.
Nonlinear Parameters ML
In this variable set two components were extracted (Table 6). One component contains the entropy values SaEnML and SaEnvelML, as well as hML (30% to 45% of total variance). The component may be interpreted as a group of values indexing the irregularity of the underlying time series. The second component is generated by the multiscale entropy value and cumWTML. These values account for different time scales (different time scales in the entropy algorithm, and different frequency bands via wavelet transform). Hence, this component can be seen as a global nonlinear interpreter of the underlying time series in medial lateral direction. Despite this interpretation of the components slight differences in individual loadings are preexisting. Referring to this hML in the 30 s set-up is loading to both components, and the same fact is given by SaEnML in 60 s and 300 s.
Nonlinear Parameters AP
In this nonlinear group (Table 7) two components are extracted. The factor loadings here are insofar comparable to ML as MseAP is related to cumWTAP. SaEnAP is attached to this component (40% to 60% of total variance). The second component is roughly based on the entropy value SaEnvelAP and the Hurst coefficient hAP. However, AP case does not reveal an equal structure compared to the ML parameter set. The interpretation of the two components seems to be different. We will account for the 300 s trial to have better discriminative power in factor configuration [7, 24] . Therefore, the components are based on the same variables as in the ML set (MseAP and cumWTAP in the first component, the entropy values in the second one).
DISCUSSION
Effect of Sampling Duration on COP Parametrization
Standing as still as possible on a plane and stable surface is a prime indicator for postural control and approves investigation of sway dynamics in research and in a clinical context. However, lack of standardization in static posturography experiments complicates the comparison of results between different studies. As a consequence this has led to contradictory outcomes which hamper Table 2 .
easy utility in clinical practice [6, 29] . Longer sampling durations contain different type of information compared to shorter ones and therefore, this could emerge as a critical factor for obtaining reliable COP data [27] . This is partly underlined by the present study as sampling duration effects concerning particular parameters (Vel-ML, VelAP, Aesec, std Ae sec, SaEnML, hML, and SaEnAP) are revealed. VelML and VelAP display relations to frequency parameters when the sampling duration is 300 s, which may be an effect due to better resolution in the low frequency range. Ae sec and std Ae sec seem to come along with area values as well as pathlength parameters in longer durations. The underlying computation every second implies that the major axis of the ellipse points to the COP displacement direction which carries more weight within longer durations. SaEnML and hML are loading consistently in 60 and 300 s and SaEnAP changes its affinity to one component with 300 s. One can speculate if longer durations serve as better estimates for these values. With respect to traditional parameters, longer sampling durations apparently enables higher reliability values within the COP data set [7, 27] . In a recent paper Kirchner et al. (2012) have shown that longer recording times (≥60 s) seems to have more discriminative power for nonlinear measures than shorter ones [24] . Regarding frequency components of time series longer sample durations come along with a decomposition of lower frequency contents in the data. Since COP excursions compose of 95% of the frequency power beneath 1 Hz, longer durations account for better resolution [24, 28] . The longer the sampling durations the less transient events have an impact on time series and the more extreme values could be detected as an appendix of the physiological process. A second prevailing problem in standardization in COP studies refers to the choice of posturographic parameters. It is well-established, that a set of parameters is needed to declare most of the variance in COP data [21, 23, 30, 34] . However, an influence of recording times on the choice of parameters within parametrization sets is left unknown. The present study aims the question whether sampling duration affects the choice of posturographic parameters, and hence delivers a straightforward framework for COP standardization. Considering the pattern of the five parameter groups inside the different measurement times (30 s, 60 s, 300 s) a minor effect on parameter setting has been revealed. Despite the aforementioned dependencies on sampling durations for some parameters, all in all, factor loadings show consistent pattern throughout all groupings. Hence, a similar set of parameters may be used in spite of different sampling durations. We would like to point out that this result does not favor short sampling durations, but that even within shorter recording durations, explanation of COP data could be achieved through an equal set of parameters as it is proposed in longer measurement times. Short sampling durations may be useful for subjects who are unable to stand longer than 30 s. In this case more repetitions in quiet standing task are required to gain appropriate reliability of results [27] . Furthermore, a set of nonlinear parameters has been included into a comprehensive analysis involving entropy values, DFA and wavelet transform.
Classification of Parameters
A prime aspect of standardization involves the usage of a comprehensive set of descriptive posturographic parameters [6] . There exists a great variety of COP descriptors and diverse recommendations on the usage of these parameters have been published. Rocchi et al. (2004) decomposed the COP data in a 1-dimensional and a 2-dimensional group of variables and derived four and six parameters respectively via principal component analysis [21] . Designed according to this, the parameters are subdivided into five groups which presumably share most of the information: 1-dimensional AP and ML, 2-dimensional, and nonlinear AP and ML. A feature of the present study is a separate variable block containing exclusively nonlinear values (sample entropy measures, complexity index and a value derived from the wavelet transform), for which calculation is more sophisticated. Compared to traditional variables, these measures are believed to be more sensitive to diverse aspects of signal processing and are applied in order to understand physiological variability [32, 33] . The several groups possess different components for which in each case one representative parameter has to be chosen. This study presents a parametrization framework and we make some proposals to obtain particular posturographic parameters based on the predefined groups. One can speculate whether different configurations would reveal different component pattern. For instance, assembling linear and nonlinear parameters in one group may give an insight into the interactions of both variable characteristics [46] . However, this approach had to be abandoned due to bad sampling adequacy results. Inside the 1-dimensional group a time domain and a frequency domain component is disclosed. Time domain parameters comprise mostly variables describing the magnitude of the time series. In this regard, posturographic measures that refer to just a few representative points among the entire time series should be avoided [27] . Here, outliers are responsible for great variances and hence low reliability. Other measures that explain the magnitude of the 1-dimensional time series had to be preferred, like std or rms (both variables are highly correlated). Indeed, latter variables are more robust, even though, they present vulnerable values confronting outliers as well. Within the frequency domain we recommend F80, as far as [47] demonstrated F80 having best statistical performance in opposition to F70, F85, F90 or F95. The 2-dimensional parameters display three components: the global area which covers the COP trace, the global alignment of the COP path, and the COP path-length characteristics. COP area may be highlighted using Ah, as this measure is the best estimate, followed by Ae and Ac. The global alignment should be determined with the AP angle deviance beta, which has been earlier recommended by [21] . Concerning path-length characteristics, some authors underline the significance of COP velocity as the most reliable indicator of global COP migration [48, 49] . As we mention before, this variable correlates perfectly with the COP length. The nonlinear group is divided into two components. The choice of a regularity index is more difficult to arrange as this is strongly dependant on the underlying algorithm. We recommend sample entropy SaEn introduced by [39] as it shows better relative consistency and is less sensitive to the lengths of data time series compared to other algorithms [24] . The nonlinear value encompassing different time scales is to our opinion achieved through cumWT values. Wavelet transform is able to decompose a signal into different frequency bands within different time scales which avoids the problem that comes along with Fast Fourier Transform-frequency and time resolution [24] .
CONCLUSION
We demonstrate that COP evaluation irrespective of sampling duration necessitates a set of diverse parameters to gain more variance of the data. Parameter sets are-despite of a few exceptions-uniformly invariant towards sampling durations and display a consistent factor loading pattern. 11 parameter groups are suggested for COP evaluation. A comprehensive analysis of posturography should imply descriptive measures regarding the 2-dimensional COP trace and the decomposed 1-dimensional AP and ML time series to gain maximal explanation of variance in COP data: three global (2-dimensional) parameters: 1) area; 2) alignment; 3) path-length characteristics, eight 1-dimensional parameters; 4) time domain AP; 5) time domain ML; 6) frequency domain AP; 7) frequency domain ML; 8) irregularity parameter AP; 9) irregularity parameter ML; 10) nonlinear multi-timescale parameter AP; and 11) nonlinear multi-timescale parameter ML. This study suggests a framework for standardization of parameter sets within these subgroups. Furthermore this study constitutes a critical position on studies that has just included a few parameters for COP description.
